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Abstract.The need to classify sentinel-2 satellite images to create land use /land cover (LULC) are 
essential to analysis the processes of environment problems and to improve living conditions. Hence, 
this research aims to assess of accuracy classification by Support Vector Machine (SVM) approach to 
create LULC maps from sentinel-2 satellite images using remote sensing and GIS. The selected study 
area for this research is Baghdad city because of it has a unique political stability and due to rapid 
urbanization that lead to rise additional request for natural resources and affected on LULC in Baghdad
city. After preprocessing and processing of satellite images, thematic maps were created and classified
into five main classes based on visual interpretation and visit the field of the study area containing:
urban, vegetation, soil, asphalt roads, and water bodies. The results showed that classification accuracy 
assessment of SVM algorithm are acceptable because of overall accuracy and Kappa index equal (88%,
0.84) respectively.  

1 INTRODUCTION
The process of mapping LULC holds significant importance in various fields such as environmental management, 

agriculture, urban planning, and disaster management [1]. The utilization of remote sensing, specifically satellite 
photography, has become vital for the comprehensive mapping of LULC on a global scale [2]. The Sentinel-2 satellite, 
which was deployed in 2015 under the auspices of the European Space Agency (ESA), offers a considerable degree 
of geographical resolution, temporal precision, and spectral band coverage. Consequently, it serves as a very 
advantageous instrument for the purpose of (LULC) mapping [3, 4]. Numerous studies have provided evidence 
regarding the efficiency of Sentinel-2 imagery in effectively categorizing and delineating land cover. As an example, 
a study conducted by [5, 6] conducted a comparison of (LULC) obtained from Sentinel-2 and Landsat-8 images. The 
results of this study showed that Sentinel-2 data can serve as a feasible alternative for mapping purposes in coastal 
regions. Machine learning techniques were effectively utilized on Sentinel-2 images in order to attain precise land 
cover maps. Furthermore, a multi-temporal classification system utilizing Sentinel-2 data was proposed by [7, 8], 
which demonstrated promising outcomes in the identification of various land cover classes. Recent studies conducted 
by researchers [9, 10] have emphasized the favorable influence of Sentinel-2 in the observing of (LULC), particularly 
in developing nations.  

The objective of this study is to apply remote sensing and (GIS) to classify Sentinel-2 images to extract LULC 
maps for Baghdad city and assess the classification accuracy for Support Vector Machine algorithm. 
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2 MATERIALS AND METHODOLOGY

2.1 STUDY AREA

In this research, Baghdad city was chosen as case study because it has a high population density and continuous 
urban growth. Also, it has a great diversity land uses are of a clear diversity with Longitude (44˚12  ́E) to (44˚33  ́E) 
and Latitude (33˚9  ́N) to (33˚30  ́N) and data sets are projected in UTM projection with zone number 38 and WGS 
84 datum [11]. The city is crossed by the Tigris River and split into two groups: Karkh and Rusaffa as shown in Figure 
(1).  

Fig. 1. study area Map.

2.2 MATERIALS

In this research, Sentinel images were used because of it is free has spatial resolution (10m). Two images 
were covered the study area and pre-processed to correct of atmospheric .The images were taken in (Oct, 2023) from 
USGS where cloud-free as shown in figures (2, 3 and 4). 
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Fig. 2. USGS website  

Fig. 3. Sentinel 2B image (1) (USGS)

Fig. 4. Sentinel 2B image (2) (USGS)
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2.3 Research Methodology

The methodology employed in this study encompasses a sequence of processing processes as shown in figure (5) 
through the utilization of remote sensing and GIS.  

 

Fig. 5. The schematic of research methodology

There are several processing for these images that can be explained as following: 

2.3.1 Mosaicking of Satellite Images process:

After perform layer stacking that aims to collect all bands in a single file for easy opening the image in the program 
and accelerate the processing using composite bands tool in ARC GIS 10.8softwar[12, 13]. Image mosaicking is 
performed according to a standard system of coordinates reported in meta-data as shown in figure (6). 

Fig. 6.  Mosaicking Sentinel-2 images for the study area
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2.3.2 Image sub-setting process:

 The image is sub-setting to the square size boundary and this process is done using the shape file clipping data 
tools in ArcGIS 10.8 as shown in figure 7.  

Fig. 7. Sub-setting of image.  

2.3.3 Support Vector Machine (SVM) Algorithm:

SVM are frequently working in both classification and regression [14]. It operates by identifying the optimal hyper 
plane that effectively divides distinct classes within a feature space of high dimensionality as shown in figure )8) [15, 
16]. The primary concept underlying (SVM) is to convert the input data into a feature space of larger dimensionality, 
wherein the classes can be separated by a linear boundary. Subsequently, the algorithm proceeds to find the hyper 
plane that optimizes the margin between the different classes. The margin refers to the spatial separation between the 
hyper plane and the closest data points belonging to each class. This feature enables (SVM) to possess a resilient 
decision boundary that exhibits strong generalization capabilities when applied to data that has not been previously 
seen [17, 18 19]. When faced with situations where the classes cannot be separated linearly, (SVM) employ a method 
known as the kernel trick (SVM) employ different kernel functions such as linear and polynomial [20,21]. 

 
 

Fig. 8. An illustration of SVM concept for land cover classification [21].  



6

BIO Web of Conferences 97, 00063 (2024)	 https://doi.org/10.1051/bioconf/20249700063
ISCKU 2024

The training sites were obtained utilizing ENVI 5.3 software to determine polygons representing the region of 
interest (ROIs) with each class and afterwards categorized these ROIs to create a map of LU/LC for a part of Baghdad 
city Iraq. The following stage entails identifying testing sites within the research area that were critical in determining 
the accuracy evaluation with each classification algorithm and validating producer and user classification accuracy. 
Ground truth samples are usually obtained from test locations, and the purer the ground truth samples, the more 
accurate the results. Using office work from satellite imagery, it able to gather the testing sites for this analysis. 

2.3.4 Evaluation performance Methods

The accuracy evaluation is the last step in the processing of satellite images by which it is possible to check the 
accuracy of the results obtained. Accuracy assessment is a key phase in the process of evaluating the performance of 
a classification model [22]. It entails comparing the outputs of the classification model to a set of reference data that 
represents the genuine distribution of LU/LC classifications. The first stage in accuracy assessment is to gather 
reference data that represents the genuine distribution of LU/LC classes in the studied area. The acquisition of this 
information can be facilitated by utilizing ground truth data gathered by field surveys or other credible sources, such 
high-resolution imaging or pre-existing maps. The subsequent procedure involves the generation of a confusion 
matrix, which serves as a tabular representation for comparing the classification outcomes with the reference data. 
Various accuracy measures can be computed based on the data delivered in the confusion matrix. The overall accuracy 
(OA) refers to the ratio of accurately categorized pixels in the entirety of the image [23, 24]. The calculation involves 
the division of the entire count of accurately categorized pixels by the overall count of pixels included in the image. 
The Kappa coefficient evaluates the level of agreement between observed and expected classifications, taking into 
account the potential for chance agreement as shown in equations 1 and 2. [25, 26].  

 

𝑂𝑂𝑂𝑂 = 𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇 + 𝑇𝑇𝑇𝑇 + 𝐹𝐹𝐹𝐹 + 𝐹𝐹𝐹𝐹                                                          (1) 

Where TP is the true positives, TN is the true negatives, FP is the false positives, and FN is the false negatives. 

𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾𝐾 = 𝑐𝑐 ×  𝑠𝑠 − ∑ 𝑝𝑝𝑝𝑝 ×  𝑡𝑡𝑡𝑡𝐾𝐾
𝑘𝑘   

𝑠𝑠2 − ∑ 𝑝𝑝𝑝𝑝 ×  𝑡𝑡𝑡𝑡𝐾𝐾
𝑘𝑘                                               (2) 

Where: 
• 𝑐𝑐 =  ∑ 𝐶𝐶𝑘𝑘𝑘𝑘

𝐾𝐾
𝑘𝑘  the total number of elements correctly predicted  

• 𝑠𝑠 =  ∑ ∑ 𝐶𝐶𝑖𝑖𝑖𝑖
𝐾𝐾
𝑗𝑗

𝐾𝐾
𝑖𝑖  he total number of elements  

• 𝑝𝑝𝑝𝑝 =  ∑ 𝐶𝐶𝑘𝑘𝑘𝑘
𝐾𝐾
𝑖𝑖  the number of times that class k was predicted (column total)  

• 𝑡𝑡𝑡𝑡 =  ∑ 𝐶𝐶𝑖𝑖𝑖𝑖
𝐾𝐾
𝑖𝑖  the number of times that class k truly occurs (row total) 

Verified that the Kappa index value is between (0 - 1) if it is equal (0). This shows that there is a big difference 
between the classification outputs and the reference results. On the other hand, if the value is equal to (1), there is a 
good agreement, while if the value varies from (0.4 - 0.8), the precision is medium, and the low value corresponds to 
a randomized classification [25, 26]. 

3 RESULTS AND DISCUSSION

3.1 Thematic map classification results 

Using (SVM) algorithm, supervised classifications were done for images using ENVI 5.3v. Results of 
classification has been converted to shape files to deal with in the Arc GIS 10.8v and creating of thematic maps that 
classified into five main classes based on visual interpretation and visit the field of the study area, containing : urban 
areas ,vegetation, soil, asphalt roads, bodies of water as shown in Figure (9). 
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Fig. 9. Thematic map using (SVM) 

 

3.2 Results of Areas calculation and percentages for classes:

Table (2) shows the calculation of Area and percentages of each class for the study area. The majority class reported 
was vegetation area, which accounted for over 44.85%. Sources of water, mainly rivers and branches, made up just 
5.12 % of the total area, with soil include an area that does not have vegetation cover, accounting for another 14.53 
%. With 31.38 %, the urban class was the second highest. Although it covered over 34.367  km2 in the actual area, 
asphalt road was the least recognized class, accounting for nearly 4.12 %. 

Table 2. Calculation of Area and percentages of classes  

 
 

Classes Area (Km²) Percent. % 

Urban  261.559 31 % 

Soil Area 121.057 15 % 

Water Bodies 42.651 5 % 

Vegetation Area 373.762 45 % 

Asphalt Roads 34.367 4 % 

Total 833.397 100% 
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3.3 Accuracy Assessment of Classification and Validation results:

After the classification technique using the ENVI 5.3v software has been completed, the results of the accuracy of 
such algorithm images have been tested and checked and shown to be approved since the Kappa index is greater than 
(0.8), see the confusion matrix in Table (3) below for five different classes for the study area.  

Overall, SVM classification produced an overall accuracy 87.61% and a kappa index 0.845 (Table3). In (Table 3), 
It is noted that approximately (12000) samples have been chosen for each of the five classes in the research area, at a 
rate of (2400) samples per class, in order to systematically and extensively represent the region. It can be seen that 
three classes recorded the greatest amount of misclassification using the SVM. Asphalt road has a very low user's 
accuracy of 85.59%, which means that approximately 15% of pixels classified as asphalt road were incorrectly 
classified, in this case, as water body, vegetation, urban and soil area. The soil area also had a low user's accuracy of 
86.94%. The sampled pixels that were classified as soil area were, in actuality, urban, water body, vegetation, and in 
less degree asphalt road. Vegetation area was another class that experienced a high percentage of misclassification 
with a low producer's accuracy of 85.00%, which means that approximately 15% of the sampled pixels that are actually 
vegetation were classified as something else, in this case, water body, urban, asphalt road, and especially water body. 
Asphalt roads seem to have the highest producer accuracy of all the groups91.10%. Water bodies, on the other hand, 
have higher user accuracy than the other groups89.78%. 

 
Table 3. Confusion matrix of (SVM) approach 

 

Ground Truth (Pixels) 

Class Urban 
Area Soil Area Water 

Bodies 
Vegetation 

Area 
Asphalt 
Roads 

Row 
total 

User's 
accuracy 

Urban Area 2080 102 40 100 50 2372 
 

87.69% 

Soil Area 90 2090 90 74 60 2404 
 

86.94% 

Water Bodies 33 38 2002 108 49 2230 
 

89.78% 

Vegetation 
Area 69 50 110 2085 48 2362 

 
88.27% 

Asphalt 
Roads 86 85 100 86 2120 2477 

 
85.59% 

Column 
Total 2358 2365 2342 2453 2327 11845 

 

Producer's 
accuracy 88.21% 88.37% 85.48% 85.00% 91.10%  

Overall accuracy = (10337/11845) = 87.61% 

Kappa index of Agreement = 0.845 

    Based on these results above, the accuracy assessment of land use maps classification by SVM algorithm are 
acceptable because of Kappa index is higher than 0.80.        

4 Conclusions
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This research offers significant contributions by assessing the accuracy of supervised classification SVM algorithm 
to extract of lands maps from satellite images in Baghdad city using remote sensing and GIS. The findings highlight 
efficiency of employing satellite imagery and (SVM) algorithm for accurately extracting land use and calculating their 
areas of classes with an overall accuracy 87.61 % and Kappa index 0.845. The consequences of the study's findings 
are significant for the sustainable management of the study area. These findings can provide valuable insights for 
decision-making in areas such as water resource management, land-use planning, and environmental monitoring. It is 
important to continue comparing the merits of each of these approaches with different types of LU/LC and with 
different types of imagery. To recommended that using the SVM algorithm to detect LU/LC to create a geo-database 
by integrating RS and GIS for all Iraq cities and compare with other classification algorithms. 

References

1. Maarez, H. G., Jaber, H. S., & Shareef, M. A. (2022). Utilization of Geographic Information System for 
hydrological analyses: A case study of Karbala province, Iraq. Iraqi Journal of Science, 4118-4130.

2. Yousef, O. A. R., & Jaber, H. S. (2023, July). Study of desertification in Bahr Al-Najaf region by remote 
sensing data and GIS. In AIP Conference Proceedings (Vol. 2775, No. 1). AIP Publishing.

3. Faraj, J. I., & Mahmood, F. H. (2018). Extraction of Vacant Lands for Baghdad City Using Two Classification 
Methods of Very High-Resolution Satellite Images. Iraqi Journal of Science, 2336-2342.

4. Ali, A. H., & Jaber, H. S. (2020). Monitoring degradation of wetland areas using satellite imagery and 
geographic information system techniques. Iraqi Journal of Agricultural Sciences, 51(5).

5. . Forkuor, G., Dimobe, K., Serme, I., & Tondoh, J. E. (2018). Landsat-8 vs. Sentinel-2: examining the added 
value of sentinel-2’s red-edge bands to land-use and land-cover mapping in Burkina Faso. GIScience & remote 
sensing, 55(3), 331-354.

6. Sekertekin, A., Marangoz, A. M., & Akcin, H. (2017). Pixel-based classification analysis of land use land cover 
using Sentinel-2 and Landsat-8 data. The International Archives of the Photogrammetry, Remote Sensing and 
Spatial Information Sciences, 42, 91-93.

7. Jakovljević, G. )2018). Land use/land cover mapping from sentinel 2 data using machine learning algorithms. In 
International conference on Contemporary Theory and Practice in Construction/Међународна конференција 
Савремена теорија и пракса у градитељству (No. 13).

8. Baamonde, S., Cabana, M., Sillero, N., Penedo, M. G., Naveira, H., & Novo, J. (2019). Fully automatic multi -
temporal land cover classification using Sentinel-2 image data. Procedia Computer Science, 159, 650-657.

9. Phiri, D., Simwanda, M., Salekin, S., Nyirenda, V. R., Murayama, Y., & Ranagalage, M. (2020). Sentinel-2
data for land cover/use mapping: A review. Remote Sensing, 12(14), 2291.

10. . Aziz, N. A., & Alwan, I. A. (2021). An accuracy analysis comparison of supervised classification methods for
mapping land cover using sentinel 2 images in the Al Hawizeh marsh area, southern Iraq. Geomatics and 
Environmental Engineering, 15(1), 5-21.

11. Al-Helaly, M. H., Alwan, I. A., & Al-Hameedawi, A. N. (2021, August). Land covers monitoring for Bahar-Al-
Najaf (Iraq) based on sentinel-2 imagery. In Journal of Physics: Conference Series (Vol. 1973, No. 1, p. 
012189). IOP Publishing.

12. Al-Helaly, M. H., Alwan, I. A., & AL-Hameedawi, A. N. (2022). Environmental Investigation of Bahar Al-
Najaf Region Using Sentinel-2 Images. Engineering and Technology Journal, 40, 732-742.

13. Ghalib, H. B., Al-Hawash, A. B., Al-Qurnaw, W. S., Sultan, B. H., & Al-enzy, A. W. (2019, July). Marshes 
waters sources hydrochemistryof the Bahr Al-Najaf at Najaf Province, Iraq. In Journal of Physics: Conference 
Series (Vol. 1279, No. 1, p. 012059). IOP Publishing.

14. Yousef, O. A. R., & Jaber, H. S. (2023, July). Study of desertification in Bahr Al-Najaf region by remote 
sensing data and GIS. In AIP Conference Proceedings (Vol. 2775, No. 1). AIP Publishing.

15. Forkuor, G., Dimobe, K., Serme, I., & Tondoh, J. E. (2018). Landsat-8 vs. Sentinel-2: examining the added 
value of sentinel-2’s red-edge bands to land-use and land-cover mapping in Burkina Faso. GIScience & remote 
sensing, 55(3), 331-354.



10

BIO Web of Conferences 97, 00063 (2024)	 https://doi.org/10.1051/bioconf/20249700063
ISCKU 2024

16. Dibs, H., Jaber, H. S., & Al-Ansari, N. (2023). Multi-Fusion algorithms for Detecting Land Surface Pattern 
Changes Using Multi-High Spatial Resolution Images and Remote Sensing Analysis. Emerging Science 
Journal, 7(4), 1215-1231.

17. Grandini, M., Bagli, E., & Visani, G. (2020). Metrics for multi-class classification: an overview. arXiv preprint 
arXiv:2008.05756

18. Wadeea, K., Jaber, H. S., & Merzah, Z.F. (2023).Management of the flood Disaster and Assessment their 
damaged areas using Remote sensing and GIS Techniques: A Case Study of Tigris River-Maysan Governorate, 
Iraq. AIP Conference Proceedings.

19. Bukheet, Y.C., Al-Abudi, B.Q. and Mahdi, M.S., 2016. Land Cover Change Detection of Baghdad City Using 
Multi-Spectral Remote Sensing Imagery. Iraqi Journal of Science, pp.195-214. 

20. Aggarwal, N., Srivastava, M. and Dutta, M., 2016. Comparative analysis of pixel-based and object-based 
classification of high resolution remote sensing images—A review. International Journal of Engineering Trends 
and Technology, 38(1), pp.5-11.

21. Mather, P. and Tso, B., 2016. Classification methods for remotely sensed data. CRC press. 
22. Abbas, Z. and Jaber, H.S., 2020, March. Accuracy assessment of supervised classification methods for 

extraction land use maps using remote sensing and GIS techniques. In IOP Conference Series: Materials 
Science and Engineering (Vol. 745, No. 1, p. 012166). IOP Publishing. 

23. Merzah, Z.F. and Jaber, H.S., 2020, March. Assessment of Atmospheric Correction Methods for Hyperspectral 
Remote Sensing Imagery Using Geospatial Techniques. In IOP Conference Series: Materials Science and 
Engineering (Vol. 745, No. 1, p. 012123). IOP Publishing. 

24. Miranda, E., Mutiara, A.B. and Wibowo, W.C., 2018, September. Classification of land cover from Sentinel -2
imagery using supervised classification technique (preliminary study). In 2018 International Conference on 
Information Management and Technology (ICIMTech) (pp. 69-74). IEEE.

25. Blaschke, T., 2010. Object based image analysis for remote sensing. ISPRS journal of photogrammetry and 
remote sensing, 65(1), pp.2-16.

26. Li, M., Zang, S., Zhang, B., Li, S. and Wu, C., 2014. A review of remote sensing image classification 
techniques: The role of spatio-contextual information. European Journal of Remote Sensing, 47(1), pp.389-411. 


